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The high consumption of psychotropic drugs is a public health problem. Rigorous statis-
tical methods are needed to identify consumption characteristics in post-marketing phase.
Agglomerative hierarchical clustering (AHC) and latent class analysis (LCA) can both pro-
vide clusters of subjects with similar characteristics. The objective of this study was to
compare these two methods in pharmacoepidemiology, on several criteria: number of clus-
ters, concordance, interpretation, and stability over time. From a dataset on bromazepam
consumption, the two methods present a good concordance. AHC is a very stable method
and it provides homogeneous classes. LCA is an inferential approach and seems to allow
identifying more accurately extreme deviant behavior.

Key Words: Agglomerative hierarchical clustering; Clusters comparison; Clusters stability; Drug dependence;
Multiple correspondence analysis; Latent class analysis.

1. INTRODUCTION

France has one of the highest recorded rates of psychotropic drug use (anxiolytics,
hypnotics, antidepressants) compared to other countries and this constitutes a national pub-
lic health problem. Initially limited to the most severe disorders, their use has now been
extended to less serious disorders and has gradually become commonplace. According to
epidemiological surveys, more than one person over three has already used a psychotropic
drug during his life (Gasquet et al., 2005; Briot, 2006). Particularly, benzodiazepines were
one of the most prescribed psychotropic drugs worldwide (bromazepam for example). This
class of psychotropic drugs is indicated for the treatment of anxiety disorders or sleeps dis-
orders. However, many studies reported their abuse and dependence potential (Cadet-Taïrou
et al., 2008). Overconsumption can have serious health, social and economic consequences.
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844 FEUILLET ET AL.

Indeed, various studies suggest the existence of a link between consumption of benzodi-
azepines and dementia (Verdoux et al., 2005; Billioti de Gage et al., 2012). Other risks are
highlighted as memory disorders or withdrawal syndrome. There is also a problematic use
of benzodiazepines with abuse among drug users (Cavalie and Richard, 2012). Therefore,
monitoring of misuse, abuse, and dependence is recommended. To assess these risks, the
Centre for Evaluation and Information on Pharmacodependence (CEIP) has been commis-
sioned in France. The three main missions of the CEIP are: (i) to collect data and assess
the potential of dependence on psychoactive drugs, (ii) to provide information on the risk
of abuse or dependence of psychoactive substances, and (iii) to carry out research.

For pharmacodependence assessment, health authorities insist on the importance of
obtaining quantitative information on dose and co-prescriptions of consumers, to identify
their consumption characteristics (Briot, 2006). In this context of post-marketing surveil-
lance of psychotropic drugs use, it has been emphasized that it would be interesting to use
statistical methods to identify profiles of psychotropic drugs users. Health authorities rely
on these pharmacoepidemiological studies to quantify drug dependence and to implement
effective measures to reduce psychotropic drug consumption and associated risks.

The use of data from the General Health Insurance Scheme (GHIS) is recommended
by health authorities. The GHIS covers 80% of the French population. Our database how-
ever excludes farmers and independent professions (about 20%). These large databases
contain all reimbursement of dispensing for a given drug.

Identification of different consumption behavior could help to characterize the con-
sumption of psychotropic drugs, to better target existing problems. Several clustering
methods are available to make clusters of subjects that have similar characteristics.

Latent class analysis (LCA) was proposed by Lazarsfeld (1950) as an inferential
statistical method, used to identify groups of individuals (McCutcheon, 1987). It postu-
lates the existence of a latent variable, not directly observable but whose effects can be
observed. This method is based on the assumption of local independence, meaning that
manifest observed variables are associated because the population is a mixture of two or
more classes. Accordingly, the associations between these variables should be explained
by the class membership. A growing number of epidemiological studies have applied this
method in order to determine subtypes of users of different psychoactive drugs (Chung
et al., 2006; Reboussin et al., 2006; Agrawal et al., 2007; Kendler et al., 2013).

Agglomerative hierarchical clustering (AHC) is one of the leading data descriptive
methods. It is aimed at grouping individuals with similar pattern of responses from quan-
titative data. The objective is to class individuals into groups that are as homogeneous as
possible (Anderberg, 1973). AHC was applied to group clonazepam users, based on data
from health reimbursement system. This study allowed differentiating and describing two
subgroups of consumers: subjects with or without a deviant behavior (Frauger et al., 2006,
2003). AHC was also applied in a slightly different context (use of statins) (Latry et al.,
2010) but with the same objective to characterize a drug consumption.

Application of these methods in a context of post-marketing phase is very important.
Indeed, pharmacodependence cannot be assessed in clinical trials, because it is a rare side
effect and patients at risk of addiction are excluded from these trials.

Can we identify a method, between LCA or AHC, or a combination of both, that
would be most appropriate to characterize drug consumption behavior? What are the
most interesting properties of each method regarding this objective? The aim of this
study is to compare the application of these two clustering methods, commonly used in
a pharmacodependence context. Each method was performed to identify and characterize
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CLUSTERING METHODS FOR PHARMACOEPIDEMIOLOGICAL DATA 845

groups of users with similar consuming behaviors, using available variables describing sub-
ject’s bromazepam consumption. In this paper, we compare and analyze properties of each
method. Comparison of obtained partitions (number of clusters, pharmacoepidemiological
interpretation) and stability over time are used as evaluation criteria.

2. MATERIAL AND METHODS

2.1. Material

2.1.1. Data. In France, all benefits reimbursed to patients affiliated to the GHIS
are registered to make up an extensive database of all drugs dispensing in France. From the
population affiliated to the GHIS in the Pays de Loire region (more than 3.5 million inhab-
itants), we had selected the subjects who were aged over 18 years and who had received
at least two dispensing of bromazepam at two different times during the first half of 2008.
Two dispensing were needed to calculate an average daily consumption. The same criteria
were used on the first half of 2009.

2.1.2. Studied Drug. The drug bromazepam belongs to the benzodiazepines
class and is mainly marketed under the name of Lexomil®. It is recommended for symp-
tomatic treatment of severe and/or incapacitating anxiety manifestations and for prevention
and treatment of delirium tremens and other signs of alcohol withdrawal. In the literature,
it has been observed that a significant proportion of users display misuse behavior, looking
for positive effects. These effects correspond to removed inhibitions, often in combination
with other substances such as alcohol or cannabis (Cadet-Taïrou et al., 2008).

2.1.3. Assessment and Measures. Each clustering method (AHC and LCA)
was performed on six available binary variables describing subject’s bromazepam con-
sumption behavior, defined by pharmacological experts (Wainstein et al., 2011):

– Overconsumption: a consumption factor (CF) was defined as the estimated average
daily consumption divided by the maximum recommended daily dose. Average daily
consumption (in mg/days) is equal to the delivered quantity divided by the length of
treatment. The threshold for overconsumption was defined by a value of the CF greater
than 1.

– General practitioner prescription: psychotropics drugs could be prescribed by a general
practitioner or by a specialist. If at least one prescription was made by a specialist then
a specialist prescription was considered.

– Doctor shopping behavior: patients may develop a behavior known as “doctor shop-
ping,” which means that the same patient obtained several dispensing of bromazepam
prescribed by different physicians in the same time frame. The threshold for “doctor
shopping” was defined by more than 3 prescribing physicians during the 6-months study
period.

– Pharmacy shopping behavior: patients may also develop a behavior known as “phar-
macy shopping,” which means that the same patient consults several pharmacies who
deliver bromazepam in the same time frame. The threshold for “pharmacy shopping”
was defined by more than 3 pharmacies who delivered the drug during the 6-months
study period.
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846 FEUILLET ET AL.

French practice guidelines on the suitable use of psychotropic drugs help physicians to
prescribe them as well as possible associations. From these guidelines, two binary variables
have been created:

– Prescription in agreement with practice guidelines relating to the therapeutic class of
the studied psychotropic drug. A patient was not in compliance with the guidelines if
he(she) had received one or more other benzodiazepines than bromazepam during the
study period.

– Prescription in agreement with practice guidelines relating to other classes of associated
psychotropic drugs. A patient was not in compliance with the guidelines if he(she) had
received two delivering of antidepressant drugs and/or two delivering of antipsychotic
drugs and/or two delivering of maintenance treatment (methadone or buprenorphine)
during the study period.

These binary variables were used to define consumption profiles.

2.2. Methods

2.2.1. Latent Class Analysis. LCA is a statistical method based on a formal
model. It is a particular mixture model, suitable for categorical data. It aims at identify-
ing subgroups of individuals from categorical data. It postulates the existence of a latent
variable, not directly observable but whose effects can be observed, such as consumption
behavior (McCutcheon, 1987).

A latent class model is defined by p manifest observed binary variables(
X1, X2, . . . , Xp

)
, Y the latent variable with C classes and xi = (x1

i , . . . , xp
i ) a vector of

binary responses for individual i(i = 1, . . . , n). We consider xi as the response profile for
individual i (indicators of consumption behavior through manifest observed variables).

LCA is characterized by two sets of parameters (McCutcheon 1987; Hagenaars and
McCutcheon, 2002):

1. Class probability: πm = Pr(Y = m), is the probability of being in latent class m (m =
1, . . . , C)

2. Conditional probability: pjm = Pr
(
Xj = 1|Y = m

)
with j = 1, . . . , p, is the probability

that an individual in latent class m is involved with behavior Xj

This method is based on the assumption of local independence, that is, conditional
on latent class membership, the manifest variables are mutually independent of each other.
As a consequence, it is hypothesized that the associations between consumption behaviors
(manifest variables) should only be explained by the class membership (individuals belong
to different latent classes) (McCutcheon, 1987; Magidson and Vermunt, 2004).

Parameters are estimated by the method of maximum likelihood with an expectation
maximization algorithm. The log likelihood is defined as

l(πm, pjm|xi) =
n∑

i=1

ln

⎛
⎝ C∑

m=1

πm

p∏
j=1

p
xj

i
jm(1 − pjm)1−xj

i

⎞
⎠

The first aim of LCA is to determine the smallest number of latent class C that
could explain the relationships observed among the manifest variables. Model selection
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CLUSTERING METHODS FOR PHARMACOEPIDEMIOLOGICAL DATA 847

was applied to statistically assess the fit of different latent class models with 2, 3, . . . up
to the maximum plausible number of latent classes, defined to be 8. This choice is defined
taking into account pharmacological knowledge of an expert in the field, possibilities of
interpretation and also statistical consideration (the small number of available variables to
define classes). To take into account problems related to local optima, we repeated this
procedure by using 100 random starting values and selected the most parsimonious model
that had an acceptable fit to the observed data (Magidson and Vermunt, 2004). Bayesian
information criterion (BIC) was useful to comparing and selecting models. Model with the
lowest BIC value was selected (Nylund et al., 2007).

In case of local dependence, manifest variables were assumed to be associated within
latent classes. To identify this situation we used a diagnostic index called bivariate residual
(BVR), that corresponds to Pearson chi-square statistic divided by the degrees of free-
dom. A BVR value larger than 1 suggested existence of local dependence between the
two variables studied (Magidson and Vermunt, 2004). To take into account detected local
dependencies, we included direct effects parameters. To do so, we combined each pair
of dichotomous variables (responsible for the local dependence) into one item, with four
response categories. This new item was included in the latent class model (Owen and
Videras, 2006).

The final step was to classify subjects into appropriate latent classes. Information
about an individual’s class membership can be expressed through a set of posterior prob-
abilities. We obtained the posterior probability that an individual i with xi response vector
belongs to latent class m. An individual was assigned in the class where he(she) had the
highest estimated posterior probability (modal assignment).

P̂r (Y = m|Xi = xi) = π̂m
∏ p

j=1p̂jm ∗ xj
i(1 − p̂jm)1−xj

i∑ C
m=1π̂m

∏ p
j=1p̂jm ∗ xj

i

(
1 − p̂jm

)1−xj
i

The software Latent Gold, version 4.5, was used for latent class model fitting.

2.2.2. Multiple Correspondence Analysis and Agglomerative

Hierarchical Clustering. The second method used to identify structure in the data
was agglomerative hierarchical clustering (AHC), which provides clusters from a given
dissimilarity matrix (Benzécri, 1973). But, the original variables describing user’s con-
sumption behavior were coded as binary variable. It was necessary in a primary step to
use multiple correspondence analysis (MCA) to produce factor projections. MCA is very
popular in the French literature and has reached a high level of development and use
(Lebart et al., 2000). It appears to be the counterpart of principal component analysis
(PCA) for categorical data, used to detect and represent underlying structures in a dataset
as points in a low-dimensional space.

MCA is an extension of correspondence analysis applied to the whole dataset, coded
as binary variables called indicator matrix. Suppose that there are p variables, each variable
j having Jj categories, with J = ∑ p

j=1 Jj denoting the total number of categories. The
indicator matrix, denoted Z is composed of J columns. The total inertia of the indicator
matrix is

Inertia (Z) =
p∑

j=1

(
Jj − 1

p

)
= J − p

p
= J

p
− 1
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848 FEUILLET ET AL.

Thus, the total inertia depends only on the average number of modalities per vari-
ables. In our case, the variables have all the same number of modalities (∀j, Jj = 2) and
therefore Inertia (Z) = 1.

Since J − p is the dimensionality of Z, the average inertia per dimension, is 1
p .

In practice, the value 1
p serves as a threshold for deciding which axes are worth interpreting

(analogous to the threshold of 1 for the eigen-values in PCA). The values in the remaining
dimensions, therefore, tend to be small and may be dropped with minimal loss of informa-
tion. As PCA, MCA could be used for dimensionality reduction or data table approximation
in a lower dimension. With all axes, we reconstructed exactly the data matrix. If we dropped
a part of the axes, we partially reconstructed it and implicitly assumed that the neglected
part was “noise” similar to a random part of a model of reconstitution of the matrix data.
To approximate the data table, we decided to retain a number of axes leading to at least 60%
of the total inertia, even if some retained axes generate a proportion of inertia less than 1

p .
In a second step, AHC with Ward’s method (Ward, 1963), was applied on the data

table approximation represented by the first MCA axes. Hierarchical clustering is a nested
set of partitions represented by a dendrogram. The agglomerative algorithm begins with
n subclusters, each containing a single data point, and at each stage merges the two most
similar groups to form a new cluster. The algorithm proceeds until all the data are in a
single cluster. Ward’s method is appropriate for the clustering of points in Euclidean space
(Lebart et al., 2000). Its aim is to minimize the total within-group sum of squares. The
optimal number of clusters was determined visually by the best cut on the dendrogram:
large changes in fusion levels were taken to indicate the best cut.

MCA and AHC were performed using SAS 9.2 software.

2.2.3. Comparison of Partitions and Stability. The n consumers of bro-
mazepam were divided into k different response profiles (k ≤ 26), defined from the p binary
available variables previously described (p = 6). Therefore, each response profile contained
a different number of consumers.

The two methods (LCA and AHC) were compared according to several criteria: num-
ber of clusters, concordance between clusters coming from both methods and stability over
time. To select the number of clusters, BIC criterion was used for LCA, and mainly by
visual analysis of the dendrogram for AHC.

To measure concordance between clusters, confusion matrix was constructed
between partitions obtained with the two methods. Confusion matrix corresponds to a two-
way frequency table with LCA partition and AHC partition. Then concordance between the
two partitions was calculated using coefficients measures:

a. Kappa coefficient is a measure of concordance between two qualitative partitions, taking
into account the proportion of agreement due to chance (Cohen, 1960).

b. Jaccard and Rand index measures the percentage of agreement between the two parti-
tions (Hubert and Arabie, 1985). Theses coefficients have a value between 0 and 1, with
0 indicating that the two data clusters have a poor agreement and a value of 1 implies
perfect agreement.

Coefficients of concordance were calculated on the number of users. For confusion matrix,
results are also presented as response profiles in order to facilitate interpretation.

A pharmacological stability was expected between 2008 and 2009, since prescrip-
tion guidelines were not modified during this time frame. To evaluate this stability over
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CLUSTERING METHODS FOR PHARMACOEPIDEMIOLOGICAL DATA 849

time, each clustering method was performed in 2008 and in 2009. A confusion matrix was
constructed including LCA clusters in 2009 and LCA clusters in 2008. Kappa coefficient
was used to measure concordance between the two years. Since the number of consumers
was different between the two years, this coefficient was calculated from the number of
response profiles. The same reasoning was used for AHC.

To assess homogeneity of each partition, intra-class inertia was used. This overall
measure of classes’ homogeneity corresponds to average inertia of the C classes, weighted
by the corresponding size.

3. RESULTS

3.1. Description

These samples include data from 40,644 bromazepam users in 2008 and 44,756 in
2009, which represents 53 responses profiles each year. With the 6 dichotomous observed
variables, that described consumption behaviors, there were 26 = 64 possible responses
profiles; so, 11 were not represented in our samples. Table 1 shows characteristics of these
users for the two years. In 2009, among these users, about 74% were women and average
age was 62 years. More than four out of five times, the prescription was made by a general
practitioner. Overconsumption proportion was low (1.2% of users had a CF greater than
1), as were doctor shopping (0.4%) and pharmacy shopping (1.3%). Nearly 40% of pre-
scriptions were not in agreement with practices guidelines related to the therapeutic class
of bromazepam and 6% were not in agreement with practices guidelines related to other
classes of associated psychotropic drugs. In 2008, we observed similar proportions for all
observed variables. Prevalence of consumption behaviors appears to be stable between the
two years.

3.2. Latent Class Analysis

Using LCA, the best-fitting model was the 4-class model. For both years, local depen-
dencies were detected for four pairs of items that were included as direct effects: “kind of
prescribing physicians” with “doctor shopping,” “prescription in agreement with practice
guidelines relating to the therapeutic class” with “consumption factor” and with “doctor
shopping,” “prescription in agreement with practice guidelines relating to other classes,”

Table 1 Description of characteristics and consumption behaviors among bromazepam users in 2008 and 2009

2008 2009

n = 40644 n = 44756

Age (mean ± std) 62.0 ± 15.2 62.4 ± 15.2
Female 73.7% 73.6%
Overconsumption 1.1% 1.2%
« Doctor shopping » 0.4% 0.4%
« Pharmacy shopping » 1.2% 1.3%
General practitioner prescription 85.9% 86.0%
Not in agreement to the therapeutic class 39.2% 38.1%
Not in agreement to other classes 7.2% 6.1%
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850 FEUILLET ET AL.

Table 2 Description of latent class models after modal assignment – 2008 and 2009

2008 2009

Class 1 Class 2 Class 3 Class 4 Class 1 Class 2 Class 3 Class 4

Class repartition (%) 58.0 33.1 8.6 0.4 61.0 30.6 8.1 0.4
Overconsumption (%) 0.0 1.4 4.4 76.6 0.2 1.3 4.0 79.8
« Doctor shopping » (%) 0.0 0.0 1.8 55.8 0.0 0.0 2.4 51.4
« Pharmacy shopping » (%) 0.5 0.7 3.6 96.8 0.5 0.9 3.9 95.6
General practitioner prescription (%) 90.6 100.0 1.7 51.3 90.3 100.0 1.2 57.9
Not in agreement to the therapeutic

class (%)
0.0 95.0 88.0 73.4 0.0 100.0 88.7 79.8

Not in agreement to other classes (%) 0.0 12.8 34.0 24.0 2.2 7.3 29.4 21.3

and “consumption factor”. Table 2 shows the four clinical subtypes of users of bromazepam
that were identified from latent class model after users assignment. Proportion of users in
each class is given (class distribution) and proportion of each measured variable in each
class. Prevalence were similar between both years, therefore we can do the same inter-
pretation. To illustrate, we give here the results for 2009. Class 1 was the most prevalent
subtype (61%), characterized by an absence of “doctor shopping” or “pharmacy shopping
behaviors” and an absence of overconsumption behavior. The prescriptions of psychotropic
drugs came mostly from general practitioners (90%) and were in agreement with the prac-
tice guidelines. Class 2 was also a prevalent group (31%), prescriptions stemmed from a
general practitioner and were not in agreement with practice guidelines related to benzodi-
azepines. This class comprised users who could have developed a tolerance after a chronic
use. This consumption could be at risk of abuse or dependence in the long term. Class 3
(8%) comprised individuals receiving psychotropic drugs associations with non-agreement
of the prescription with the practice guidelines (89%). However this prescription more often
stemmed from a specialist (99%). These users may suffer from a resistant or severe men-
tal disorder requiring a larger association of psychotropic drugs not always in agreement
with first line guidelines. Lastly, Class 4 was a minority subtype (0.4%). A substantial
proportion of these individuals displayed “doctor shopping behavior” (51%), “pharmacy
shopping behavior” (96%) and overconsumption behavior (80%). These behaviors are con-
sidered as fraudulent and suggest a compulsive use of bromazepam (Wainstein et al., 2011).
Therefore, Class 1 was defined as “non-problematic users, Class” 2 as ”at risk users,” Class
3 as “users with a probable mental disorder” and Class 4 as “compulsive users”. Similar
proportions were determined in 2008.

3.3. Agglomerative Hierarchical Clustering

Using MCA, we retained the first three components that explain 60% of the variance
and there was the largest jump between the third and the fourth eigenvalue. Then, AHC was
performed on these three components, which were assumed to retain enough information.
From dendrogram and statistical index, we retained four groups of users. Table 3 shows
the description of the characteristics of the four classes determined by AHC method. For
2009, Class 1 (53%) represented general practitioner prescription, in agreement with prac-
tice guidelines. Class 2 (28%) represented general practitioner prescription with at least
one association of benzodiazepines: all patients prescriptions were not in agreement with
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CLUSTERING METHODS FOR PHARMACOEPIDEMIOLOGICAL DATA 851

Table 3 Description of clusters by agglomerative hierarchical clustering – 2008 and 2009

2008 2009

Class 1 Class 2 Class 3 Class 4 Class 1 Class 2 Class 3 Class 4

Class repartition (%) 52.3 28.1 17.4 2.2 53.3 27.7 16.7 2.4
Overconsumption (%) 0.0 0.0 0.0 51.4 0.0 0.0 0.0 50.2
« Doctor shopping » (%) 0.0 0.0 0.0 17.0 0.0 0.0 0.0 18.1
« Pharmacy shopping » (%) 0.0 0.0 0.0 53.8 0.0 0.0 0.0 53.9
General practitioner prescription (%) 100.0 100.0 24.2 60.0 100.0 100.0 21.2 61.7
Not in agreement to the therapeutic

class (%)
0.0 100.0 55.3 66.7 0.0 100.0 52.2 69.4

Not in agreement to other classes (%) 0.0 0.0 38.8 21.8 0.0 0.0 33.6 19.5

practice guidelines related to the therapeutic class. These two classes differ only on patients
prescription and not from patients consumption behavior. Class 3 (17%) was characterized
by users with a specialist prescription (79%) and not in agreement with practice guide-
lines (52% related to benzodiazepines and 34% related to other classes). As with previous
classes, there was no overconsumption and doctor or pharmacy shopping behavior. Among
consumers of Class 4 (2%), there were 50% of overconsumption, 18% of “doctor shop-
ping” behavior, and 54% of “pharmacy shopping” behavior. Results were similar for both
years of the study.

3.4. Comparison of Partitions and Stability

Four classes were obtained according to each method, and for both years of the study.
These classes allowed to define different levels of consumption. However, there were some
noticeable differences. Intra-class inertia was lower for AHC method: 1.2 against 2.7 for
LCA. Therefore, AHC partition was more homogeneous. Especially in Classes 1 and 2
(Table 3), there is a very clear and exclusive ranking: prevalence of consumer behaviors are
either 0% or 100%. In contrast, partition by LCA is more nuanced: prevalence of consumer
behaviors are closest to 10% or 90%.

Tables 4 and 5 represent the confusion matrix between LCA and AHC, showing a
different distribution of profiles according to the method. For example in 2009, the four
LCA clusters contained 6, 5, 21 and 21, profiles whereas AHC clusters contained 1, 1, 6,
and 45 profiles. In AHC, Classes 1 and 2 were more homogeneous, since all individuals
have the same profile, but Class 4 was much more heterogeneous with 45 different profiles.
For example, in 2009 (Table 5), AHC Class 1 represents 23,838 patients with the same
profile: no overconsumption, no doctor shopping, no pharmacy shopping, prescription by
a general practitioner, and in agreement with recommendations. AHC Class 2 represents
12,414 patients with no overconsumption, no doctor shopping, no pharmacy shopping,
prescription by a general practitioner, in agreement with practice guidelines related to
others classes of associated psychotropic drugs but not in agreement with practice guide-
lines related to the benzodiazepine class. This means that patients of Class 2 may receive
simultaneously another benzodiazepine or hypnotic drug.

On the diagonal, there were profiles classified in the same way by both meth-
ods and therefore profiles “misclassified” were outside the diagonal. We observe that
these misclassified profiles represent few individuals. Indeed, in 2009, half of the
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Table 4 Confusion matrix between LCA partition and AHC partition (data from 2008) with number of responses
profiles and number of users

LCA clusters

Class 1 Class 2 Class 3 Class 4 Total

AHC clusters Class 1 1 0 0 0 1
21236 0 0 0 21236

Class 2 0 1 0 0 1
0 11435 0 0 11435

Class 3 1 2 3 0 6
2218 1708 3145 0 7071

Class 4 2 4 18 21 45
112 291 345 154 902

Total 4 7 21 21 53
23566 13434 3490 154 40644

Kappa coefficient = 0.80; Rand indice = 0.89; Jaccard indice = 0.77.

Table 5 Confusion matrix between LCA partition and AHC partition (data from 2009) with number of responses
profiles and number of users

LCA clusters

Class 1 Class 2 Class 3 Class 4 Total

AHC clusters Class 1 1 0 0 0 1
23838 0 0 0 23838

Class 2 0 1 0 0 1
0 12414 0 0 12414

Class 3 2 1 3 0 6
3246 970 3234 0 7450

Class 4 3 3 18 21 45
197 305 369 183 1054

Total 6 5 21 21 53
27281 13689 3603 183 44756

Kappa coefficient = 0.80; Rand indice = 0.88; Jaccard indice = 0.76.

profiles were considered as misclassified but they represented only 12% of the con-
sumers. Most of non-concordant profiles are between Class 3 for LCA and Class 4 for
AHC. This represent 18 different profiles, which correspond to 369 users in 2009
(Table 5). It is a mixture of profiles for which it is complicated to tell the differ-
ence between them. Indeed, the boundary between a user with a severity of mental
disorder (Class 3) and a user with a compulsive behavior (Class 4) is sometimes dif-
ficult to define without additional data. Kappa coefficient indicated a good level of
concordance between the two clustering methods (80%). Rand and Jaccard index con-
firms this result, with respectively 88% and 76% of agreement. Results in 2008 were
similar.

Stability over time was represented on Table 6 for LCA and on table for AHC. In line
with previous results, misclassified profiles were outside the diagonal. In LCA confusion
matrix, only 4 over 53 profiles were not in the same class both years, and Kappa coefficient
indicated a very good level of concordance (89%). For AHC, all profiles were classified in
the same way in 2008 and 2009, so there was a perfect agreement (Kappa = 100%).
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Table 6 Confusion matrix between LCA partition in 2008 and LCA partition in 2009 with number of responses
profiles

LCA clusters 2009

Class 1 Class 2 Class 3 Class 4 Total

LCA clusters 2008 Class 1 4 0 0 0 4
Class 2 2 4 1 0 7
Class 3 0 1 20 0 21
Class 4 0 0 0 21 21
Total 6 5 21 21 53

Kappa coefficient = 0.89.

Table 7 Confusion matrix between AHC partition in 2008 and AHC partition in 2009 with number of responses
profiles

AHC clusters 2009

Class 1 Class 2 Class 3 Class 4 Total

AHC clusters 2008 Class 1 1 0 0 0 1
Class 2 0 1 0 0 1
Class 3 0 0 6 0 6
Class 4 0 0 0 45 45
Total 1 1 6 45 53

Kappa coefficient = 1.00.

4. DISCUSSION

In this paper, we compared two clustering methods aimed at characterizing drug
consumption behavior. Evaluation criteria were the number of clusters obtained by each
method, clusters interpretation from a pharmacological perspective, and concordance
between the two methods.

The same number of clusters were identified with both methods defining four clinical
subtypes of bromazepam users. A good agreement was observed regarding the interpreta-
tion of the two first classes. This result indicates an overall consistency between these two
clustering methods.

A high stability over time was observed, between 2008 and 2009, for both methods.
AHC showed the highest performance regarding this criterion since a perfect concordance
was observed: each consumption profile was affected to the same class in 2008 and 2009.

Four different levels of consumptions for each clustering method could be defined.
Quantitatively, the consistency between these two methods was high, with 80% of agree-
ment. But a blind interpretation of the results of each method showed several differences.
In both cases, a first class was identified corresponding to an adequate consumption of the
drug. AHC had the advantage of being more homogeneous, since only one consumer profile
was represented: general practitioner prescription, in agreement with practices guidelines,
no doctor or pharmacy shopping, and no overconsumption. The same observation can be
made for the second class provided by each method. According to AHC partition, only
users with a general practitioner prescription and not in agreement with practice guide-
lines related to benzodiazepines, represented Class 2. With LCA partition, this second
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class was less homogeneous also including 1% of overconsumption and 7% of prescrip-
tion not in agreement with other therapeutic classes. Heterogeneity appeared in Class 4 of
the AHC with 45 different profiles (23 profiles with LCA). This class of the AHC does
not seem to only characterize extreme deviant behaviors but include several types of con-
sumer behavior: 18% of doctor shopping (51% with LCA), 54% of pharmacy shopping
(96% with LCA), and 50% of overconsumption (80% with LCA). Indeed, these three vari-
ables (doctor and pharmacy shopping, overconsumption) were most relevant to define the
patient’s behavior while others variables rather characterized the prescription. Moreover,
these variables also clearly underline possible deviant behavior. When these three deviant
behaviors are jointly observed, such a pattern may be considered an extreme deviant behav-
ior. LCA seems to allow a clearer identification of extreme deviant behavior in comparison
to AHC and so, better quantifying the risk of stronger addiction (Wainstein et al., 2011).
Non-concordant profiles (grouped in Class 4 with AHC but in class 3 with LCA) illustrate
this particular point. Indeed looking more closely at these profiles, it could be noticed that
94% of them displayed only one deviant behavior which does not correspond to an extreme
deviant behavior. Moreover, all patients in LCA Class 4 have at least one deviant behavior
(only 82% in AHC). Proportion of patients with these three deviant behaviors is higher with
LCA than with AHC (27% vs. 5%). This latter information is valuable to answer the need
of the health authorities to characterize and distinguish deviant or extreme deviant behavior.
Existing tools collect cases of drug abuse or pharmacodependence (notified by health pro-
fessionals). These clustering methods can provide supplementary information: an estimate
of the prevalence of pharmacodependence in real conditions of use.

From a statistical point of view, each of these clustering methods has advantages
and limits. A major difference between AHC and LCA is that the latter provides an infer-
ential approach. This means that a statistical model is postulated for the study population
(Hagenaars and McCutcheon, 2002) and relies on some hypotheses, particularly local inde-
pendence. Additionally, there are more formal adjustment criteria to make decisions about
the number of clusters, as AIC or BIC criteria. LCA is a probability-based classifica-
tion, which means cases are classified into clusters based upon membership probabilities
(posterior probabilities) estimated directly from the model. There is a notion of error for
class assignment with class probability and conditional probability. The greatest benefit of
LCA is the opportunity to infer result to another population, from posterior probabilities.
However, modal assignment is a limit of this type of model. Indeed, if two posterior prob-
abilities are close for the same patient, this latter may be misclassified. LCA may require
large computation times and may not be appropriate if the dataset contains many categor-
ical variables. Also, explanatory variables were binary in our study, but if the number of
modalities becomes important, interpretation of conditional probabilities may reveal more
difficult.

AHC is a descriptive method that is hypothesis free. In contrast to LCA, decision
about the number of clusters is based on graphical choice and pharmacological interpre-
tation and not on a statistical index (as BIC). According to our results, it is a very stable
method over time. A posteriori, a sensitivity analysis was performed using K-means algo-
rithm, a nonhierarchical clustering method. For this algorithm, number of classes must be
defined a priori. In a first time, the four clusters centers were initialized randomly. Results
were unstable: they varied depending on the starting values. In a second step, this algorithm
was applied to assess the robustness of the AHC. Cluster centers defined by the AHC were
used as initial value. No change was observed compared to AHC partition: classes remain
stable by applying a nonhierarchical analysis. This methodology validates stability and
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homogeneity of AHC. However, this partition defined by AHC concerns a specific sample
and there is no notion of statistical inference or probability. As a consequence, these results
cannot be generalized and do not allow classification of new individuals. If the aim is to
reclassify individuals, an additional step is required after AHC. Indeed, from classes defined
by AHC, we can use supervised classification methods on a new sample, as discriminant
analysis. This point is an advantage for LCA that is jointly a clustering and classification
method.

This study is performed on a single drug, so it is not possible to generalize these
results. To continue this work, it would be interesting to apply these methods to other
psychotropic drugs, in collaboration with pharmacological experts. This could confirm
additional contribution of LCA for defining classes, and especially the identification of
extreme behavior. Simulation studies could be a possibility to explore more thoroughly the
properties of the two methods.

Several limits inherent to databases could be taken in consideration. A first limita-
tion is representativeness of the sample that excludes farmers and independent professions.
These social categories may have a different behavior with regard to the consumption of
psychotropic drugs. However, the aim of this study was to compare two methods, and they
are applied to the same population. A second limitation is that available variables were
related to observed behaviors and not to clinical variables. Definition of explanatory vari-
ables can also be a source of error. Data of doctor or pharmacy shopping were censored
because we do not have the entire history of each patient. Therefore, there was an underesti-
mation of doctor shopping or pharmacy shopping. Moreover, the CF threshold was taken to
be equal to one and this choice is possibly not optimal (Bellanger et al., 2013). Measure of
benzodiazepine compliance could be improved to take into account concomitance between
dispensing. But it is one of the limits of the database that contains only aggregated data.
And variables used for definition of consumer behavior were binary, causing a waste of
information. To keep all information, a latent profiles model could be used; it is a latent
variable model with categorical latent variable and continuous observed variables. Another
axis of research, which would be interesting, would be to apply latent transition analysis,
the longitudinal version of LCA. This method could assess evolution of consumer’s profiles
over time and transitions between latent classes.

To conclude, in our context, we observed that the main interest of AHC is higher sta-
bility. It is an attractive method for a descriptive work and provides homogeneous classes.
LCA constitutes an inferential approach and provides the possibility of reclassification of
individuals using the same model. In a pharmacodependence approach, an interesting mat-
ter is to characterize extreme deviant behavior and LCA seems to allow identifying them
more accurately.
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